Abstract-It is thought that satellite thermal infrared (IR) images can aid to the detection of precipitation, an interesting possibility due to the existence of geostationary satellites with thermal IR sensors which would enable a good spatial and temporal tracking of rain and storms. In this letter, we explore the application of multiscale/multifractal techniques in the design of new methods for the assessment and tracking of pluviometry. We first identify the main streamlines by a singularity analysis of the wavelet projections of the IR record. From the streamlines, we derive a proxy scalar image that represents the result of pure horizontal advection. From the comparison of original and proxy we localize the places at which horizontal advection fails, which we identify with convection places. We illustrate our methodology with thermal IR images from Metosat acquired during heavy tropical rainfall, and compare the results with some data from the Tropical Rainfall Measuring Mission satellite.
I. INTRODUCTION

W
ITH the advent today of the most sophisticated networks of sensors and reliable modeling software, the problem of rainfall detection from earth observation data is becoming crucial and challenging. A solid knowledge of the region under study, of its seasonal variability, and of its meteorology will aid to cast good overal predictions from scarce data, but precipitation is much more elusive to forecast, due to its intermittent character both in space and time.
A reasonable alternative to ground stations when these are not available, and in any instance as an interesting source of complementary data, is satellite imagery [1] - [5] . Satellites provide synoptic views of large areas and transmit data at a steady rate. The main problems with satellite images in the context of meteorology come from that they only give access to upper layers of phenomena taking place in three dimensions This letter has supplementary downloadable material available at http://ieeexplore.ieee.org, provided by the authors. This includes six animated GIF files, containing the original sequences that have been processed in the ellaboration of this work. This material is 12.4 MB in size.
A. and that the observed variables are not always easy to link with the thermodynamics of atmosphere. However, the atmosphere is a strongly stratified flow: gravity and Earth's rotation play a role in the stratification process, but it is the thermodynamics and in particular radiation (received or reemitted) of the atmosphere (and the surface) which mostly determine temperature profiles, stability, and, in-fine, stratification. Hence, for many regions and thermodynamical conditions, mainly at the time and spatial scales of the quasi-geostrophic approximation, atmosphere motion can be approximated by that of a horizontal two-dimensional (2-D) fluid. But rain is precisely an essentially three-dimensional (3-D) phenomenon, so evidences of precipitation can only be indirectly inferred from satellite images. Studies conducted in the very instable intertropical convergence zone (ITCZ) have shown that in the case of convective structures, cloud top temperature is a key parameter linked to precipitation [6] , hence motivating researchers on the determination of threshold values in satellite infrared (IR) images for rainfall determination [2] , [4] , [6] , [7] . These studies justify the focus taken in this letter: we will determine convection in large cumulo-nimbus systems in the ITCZ. Cumulo-nimbus form the so-called convective towers, which are strong jets of air moving vertically, making a boiling effect on top of clouds. Within the ITCZ, the detection of a convective tower is almost equivalent to the detection of a rainfall event. Ice creation on top the convective towers is intense. Then, satellites operating in a hyperfrequency range interacting with ice-crystal molecular bounds will be able to detect ice, hence the convective towers and so precipitation. The Tropical Rainfall Measuring Mission (TRMM) provides hyperfrequency images in several useful ranges to detect water and ice [8] , [9] . But it has important drawbacks: first, its swath is quite narrow, and second, as it operates with high-frequency radiation, it cannot be as far from ground as geostationary satellites. Consequently, its temporal acquisition rate is too low when compared to the duration of rainfall events.
Geostationary satellites provide continuous-time acquisition and wide swaths, but yield detectors which operate at shorter wavelengths, from IR to visible [2] , [10] . Visible images provide no information during the night, so IR images are possible candidates to produce a steady track of precipitation [7] , [11] . We will concentrate on thermal IR images (namely, images acquired in the thermal IR channel, with wavelength 10.5-12.5 m, onboard the Meteosat satellite) because one of the signs of convection is heat exchange, which should induce thermal gradients that we will try to detect. In addition, temperature behaves as a diffusive (rather passive) scalar, so it can be locally employed to track motion, provided the effect of diffusion has been taken into account.
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The work presented herein is an image and a complex signal model for the analysis of turbulent data, applied to the meteorological context specified above. This letter presents the model part, along with simple verification of its results with some TRMM data: the quantitative validation will be the subject of another study.
II. ASSESSMENT OF THE MAIN CURRENT LINES
The first step to characterize convection areas is to identify streamlines. As we have only access to a 2-D planar projection, the streamlines that we could eventually detect are plane projections of the actual 3-D streamlines (a fact that will be useful later to characterize convection). In order to extract them, we will make use of wavelet techniques for singularity characterization [12] . Let the IR intensity at any point in the image plane to be the 2-D scalar function ; we compute its gradient and classify the points according to the local singularity strength of this quantity. More precisely, we study the behavior of the wavelet projections , defined as
Here is the analysis wavelet, which can be chosen in a more or less wide family, depending on the requirements on the signal [13] . The point appearing in (1) designs the pixel under analysis, while is a scale parameter which allows to zoom in and out around and so to study the relation of the gradient of at with those of surrounding points. The signal will be multifractal if at any point all the wavelet projections centered on depend on as a power-law, i.e.,
The exponent is called singularity exponent and characterizes the local degree of regularity of the signal at that point [12] - [14] . Due to thermodynamical reasons, turbulent flows are of multifractal character [15] , [16] and, thus, we expect any meaningful intensive variable defined on such flows to exhibit a multifractal behavior [17] .
Singularities allow to classify points, as points with the same singularity exponent obey the same scale transformation rules and are characteristics of the flow. The decomposition of the image in the different singularity components is known as multifractal decomposition [12] , as these sets are fractal with different fractal dimensions (this is the reason for the name multifractal). The interest of multifractal decomposition comes from the fact that it is rather well conserved by flow advection [18] .
Among all the fractal components, one of them seems the most interesting: the so-called most singular manifold (MSM). This set comprises the points with strongest singularity (i.e., most negative value), and so it concentrates on the fronts of the signal (in the sense of transition fronts, not to be confused with atmospheric fronts although in some cases they may coincide). The existence of a most negative value must be addressed: we note that the singular exponents are related to singularities discussed in recent studies which make use of multiplicative cascade models. These models use an assumption of stationarity; consequently the integral over a scale-dependent spatial domain of the temperature gradient is strongly related to the average rate of kinetic energy dissipation per unit mass, which displays a multifractal behavior [15] . Multiplicative cascade theories for the modeling of rain precipitation have firmly gained ground in recent years, and they fit in two classes: discrete in scale multiplicative cascades [19] and continous in scale multifractals, from which universal multifractals are the most important subclass [20] . The former makes no assumption on the cascade generator (except of being scale discrete), while the latter uses multiplicative cascades, generated by stable-laws in the case of universal multifractals (e.g., Gaussian or Lévy laws) which can lead to unbounded singularities. The use of universal multifractals generated by extremal Lévy laws or even infinitely divisible process as Log-Poisson multiplicative cascades (see [20] ) lead to a lower bound on the order of singularities, and they adequately model a wide range of multiscale phenomena. Moreover, experiments described in [21] on Meteosat data have shown lower bounds that cannot be interpreted as an effect of resolution.
Fully developed thermal transitions are in equilibrium with flow advection [16] , and thus singularity fronts coincide with some streamlines. Notice that in general the isotransition lines (i.e., the MSM) are not isotherms; isotransition lines follow the advective direction even in cases in which baroclinic instabilities are important [18] . As a striking experimental validation, empirical MSMs always consist of curve-like, one-dimensional separate parts, which according to the discussion above must correspond to streamlines. Hence, isolating the MSM is equivalent to isolate some important instantaneous streamlines of the flow. The validity of this construction relies in three key hypotheses; namely, the turbulence is fully developed [16] , the signal is multifractal [21] , and the singularity components (and in particular thermal transitions) are conserved [18] . Under these three conditions, we have access to an instantaneous determination of streamlines, without having to process a sequence: this is one of the virtues of our method. In Fig. 1 (right) the obtained MSMs are shown. The MSMs comprise obvious contours of clouds (which are indeed thermal fronts) and some less obvious filaments.
III. REDUCED IMAGE AND COMPARISON WITH DATA
Once the MSM streamlines have been detected (using the previously discussed methodology or any other reasonable alternative), we will generate a new signal which represents the effect of pure 2-D advection. To do that, we will reconstruct the image by using a deterministic algorithm which is compatible with the statistical properties of fully developed turbulence. This algorithm was introduced in [22] and was first applied to IR images, with success, in [21] . The starting data for the algorithm are the gradient vectors over the MSM only. In order to generate our "advective signal" (that we will call the reduced image) we will impose some constraints on the starting data to fulfill the requirements of pure advection. If the reduced image is being advected by the flow, its gradients must be orthogonal to the streamlines, so we will impose that the starting data (gradient over the MSM) will be unitary vectors, perpendicular to the MSM, and with the same orientation as the original gradients. We need to keep track of orientation as this is a global feature and cannot be calculated locally. We impose the vectors to be unitary because we lack of any additional information, and this value ensures conservation under flow advection. In Fig. 2 (left), we show the result for the Meteosat sequence (see [21] for further details).
The reduced images have a much more equalized distribution of graylevels and represent how temperature (in the sense of thermal IR radiance) would look if it had been horizontally advected (i.e., transported inside the image plane). For the advection-dominated areas, we expect to observe a proportionality between original data and reduced image. It should be noticed that, as the reduced image has no units, we need a scale factor to relate the values of original and reduced images. For advection-dominated regions, we should expect a relation of the type where is the original data, is the reduced image, and are constants. Such a simple expression allows us to classify points according to the degree of advection/convection: we perform local linear regressions of the expression over neighborhoods of each point . We implement a multiscale version of the linear regression, i.e., each point in the image is used for the regression, but it is given a weight which depends on the distance to the central point as ; a value of was used in the present calculation. This way, we can assign to each point the value of the regression coefficient which measures how well the linear relation holds. The experimental values of are always positive and range from 0-0.999; you can see a graylevel representation of them in Fig. 3 . The darkest points correspond to the less correlated areas, which by the discussion above correspond to the convection-dominated areas.
The analysis of the correlation image reveals that the correlation between original image and reduced one drops when and where strong convective systems are being developed. However, due to the need of a local neighborhood for the evaluation of the linear regression, the regression coefficient is anomalously high inside large cloud tops, because they present a narrow dynamic range (as they are very cold) and the contrast is very weak. The weak gradients inside these clouds do not allow to see details inside them with this approach. We need a more localized measure. A natural way to obtain such fine determination is to divide the original image by the reduced signal in order to suppress their common multifractal structure and emphasize their differences. It is the gradient what has been used to characterize singularities equation (2), so we should divide the gradients of the data by those of the reduced image. The linear relation between and over advective areas becomes simpler when expressed in terms of gradients:
. We will obtain the so-called sources term , which will give us a better localization of convective movements. As before, we apply a scale-invariant weight to the gradients with in order to improve detection and reduce discretization errors. In Fig. 2 , we show the sources terms for the Meteosat sequence. For the advection-dominated regions, the value of the sources term is constant, while for the zones of strong convection the sources term becomes zero or infinity (pole). As it is observed in the figure, the detection capability is increased with sources, with some new convection focii inside the clouds. In addition, when these images are compared with the scarce TRMM images acquired in the 85.5-GHz channel, we observe a striking correspondence among zeroes/poles and precipitation in many images; see Fig. 4 . Since TRMM data are considered as very valuable by meteorologists w.r.t. pluviometry [3] , we propose, as a first result, the congruence of source locations with ice crystals locations as given by TRMM data. Quantitative correlation is the subject of future work; see also [23] .
IV. CONCLUSION
In this letter, we have presented a new methodology to localize the places associated to strong convective movements from thermal IR images. In a first stage, the main streamlines are identified via a classification of points by their singularity strength. The singularity of each point is evaluated using wavelet projections. In the second stage, we generate a reduced image, which corresponds to a scalar variable completely advected by the 2-D flow defined by the streamlines obtained before. Under conditions of advection, there exists a linear relation between the two signals, so we can characterize the existence of strong convection by the deviation from this behavior. The main methodology presented here is based on properties of fully developed turbulence and that it gives an instantaneous determination of convection, without need of processing a time sequence of images. Its main drawbacks are that, in the present stage, this method is rather qualitative, and so far the results have not been validated. As a future work, quantitative correlation with TRMM data will be addressed.
